Abstract-Genome-scale metabolic network models (GEMs) have played important roles in the design of genetically engineered strains and helped biologists to decipher metabolism. However, due to the complex gene-reaction relationships that exist in model systems, most algorithms have limited capabilities with respect to directly predicting accurate genetic design for metabolic engineering. In particular, methods that predict reaction knockout strategies leading to overproduction are often impractical in terms of gene manipulations. Recently, we proposed a method named logical transformation of model (LTM) to simplify the gene-reaction associations by introducing intermediate pseudo reactions, which makes it possible to generate genetic design. Here, we propose an alternative method to relieve researchers from deciphering complex gene-reactions by adding pseudo gene controlling reactions. In comparison to LTM, this new method introduces fewer pseudo reactions and generates a much smaller model system named as gModel. We showed that gModel allows two seldom reported applications: identification of minimal genomes and design of minimal cell factories within a modified OptKnock framework. In addition, gModel could be used to integrate expression data directly and improve the performance of the E-Fmin method for predicting fluxes. In conclusion, the model transformation procedure will facilitate genetic research based on GEMs, extending their applications.
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INTRODUCTION
G ENOME-SCALE metabolic network models (GEMs), which are built on extensive experimental data and literatures of gene annotation and enzyme function, provide a context for analysing attributes of a given metabolic system and have been shown to predict cellular growth phenotypes [1] , [2] , [3] , [4] . However, the complete applicability of GEMs relies heavily on development of model-based algorithms. Over the past two decades, advances in the microbial production industry have strongly motivated the development of algorithms for in silico metabolic engineering based on GEMs [5] , [6] , [7] . Moreover, much effort has been focused on developing algorithms to incorporate multi-omics data in order to improve the prediction power of GEMs [8] , [9] .
OptKnock, a programming framework that identifies knockout strategies that lead to the highest potential production by using bi-level optimization, is one of the most prestigious GEMs-based algorithms for redesigning metabolic networks for the overproduction of target metabolites [10] . Several OptKnock-derived methods [11] , [12] , [13] , [14] further extend this framework to address more comprehensive applications and enhanced production of desired biochemicals. These methods are all mainly based on the flux balance analysis (FBA) method [15] and on multi-level optimization (usually consisting of two optimization problems: inner optimization of cellular objective and outer optimization of production). Some algorithms have successfully been applied to metabolic engineering; however, most of them face the dilemma of intractability while scanning for comprehensive strategies. Actually, they all aimed to solve a combinatorial optimization problem. The space of all possible genetic manipulations is quite vast. Thus, computational methods seeking to find an optimal set of knockouts generally generally result in exponentially increased running time, which thus limits optimal genomic designs found in silico to a small number of knockouts. Until recently, methods such as ReacKnock [16] and Genetic Design through Branch and Bound (GDBB) [17] challenged the inner dual transformation system of bi-level optimization in OptKnock and greatly improved search efficiency. However, due to the complex gene-reaction relationships, gene knockout strategies cannot be directly proposed by these reaction-based methods. Even for the GDBB algorithm, only genetic strategies, in the form of gene sets (such as a set of [(gene A and gene B) or gene C]), can be predicted. Methods that identify up-or down-regulation strategies are still very limited, amongst which, the most well-known are FSEOF/ FVSEOF [18] , [19] , OptForce [14] and Redirector [20] . Unfortunately, these methods also lack the ability to identify genetic strategies directly and are limited to reaction strategies identification. Recently, we reported a framework D. Gu, X. Jian, and C. Zhang named LTM [21] that is able to simplify the gene-reaction associations by dividing each multiple gene related reaction into several intermediate reactions with the pseudo metabolites involved and enables accurate gene level analysis based on GEMs. In this study, we further developed an alternative method for reframing GEMs by introducing a pseudo gene controlling reaction for each single gene, which could result in a much smaller reframed model, enabling accurate genetic strategies to be generated by most reaction-based algorithms. In addition, the reframed models obtained in this study allow the identification of minimal genome or even designing a minimal cell factory within a very reasonable calculation time.
Although GEMs, also known as constraint-based models, have proven to be useful for helping understanding cellular metabolism, these models have quite a limited predicting capacity owing to fewer constraints on flux space. Thus, several methods have been proposed by integrating available expression into GEM data in different ways [22] , [23] , [24] . Due to the complexity of Gene-Protein Relations (GPRs) and uncertain relationships between gene expression profiles and reaction fluxes, it remains difficult to obtain a method that is reliable enough [8] . Specifically, numerous FBA-driven algorithms have been introduced, which use experimentally derived mRNA transcript levels to constrain the network's reactions, either by inactivating them entirely, or by constraining their activity levels. Nonetheless, despite the advantages of these algorithms, a key issue remains to be addressed. If a multi-functional gene was highly expressed, how could the related functions that were activated be determined? In most existing methods, all related functions are considered as activated, resulting in equally imposed constraints on the related reactions. However, this solution is not always reasonable because high expression levels may suggest that only one function needs to be fully activated. Though we are not sure such a case really exists or not in vivo, it might be better to take this special case into account. In our case, we may simply assume that multi-function enzyme are functioning just like other common enzymes to support a fast growing purpose that lies behind the FBA modeling method. In addition, for a gene involved in multiple reactions, its expression data may be reused several times by using the existing data mapping method. In the current study, we present a framework for translating a GEM into a special model with unique genecontrolling reactions. Thus, the fluxes through the pseudo controlling reactions indirectly impose constraints on the determination of whole flux distributions. Therefore, gene expression data can be mapped onto GEMs by adding constraints of gene controlling reactions. Using this proposed reframed model with an appropriate objective, it is possible for the model to automatically decide which functions are activated when a multi-functional gene is highly expressed. For example, if the objective is cell growth, then only functions that support the fast growing purpose will be favored.
MATERIALS AND METHODS
Modelling Platform
FBA is the most commonly used and validated method to determine flux distribution [4] , [7] , [25] , which assumes that organisms use substrates to maximize their growth rate and, thus, eventually to adapt to changes in the environment. In this study, we mainly used FBA to calculate flux distributions. The Escherichia coli model iAF1260 [26] used in this study is a large and high-quality genome-scale metabolic network reconstruction that has been proved to be able to predict a wild-type flux distribution that is highly consistent with experimental data. In addition, a E. coli core model was also used. Both models were downloaded from website (http://systemsbiology.ucsd.edu/Downloads).
All optimization problems were solved in Matlab (version 7.12.0.635 (R2011a)) with the COBRA Toolbox 2.0 incorporated. The solvers 'glpk' (version 4.35) and Tomlab/ CPLEX (version 7.9) were used for FBA and OptKnock, respectively. All the procedures were implemented on a personal computer with 3.40 GHz Intel(R) Core(TM) i7-2600k and 16.0 GB RAM.
Transformation Procedures
GEMs, also known as the Cobra model in SBML format [27] , comprise thousands of reactions associated with hundreds of enzyme coding genes. The GPRs in GEMs are quite complex for the presence of isoenzymes and protein complex. That is to say, one gene might be responsible for a single or multiple enzymes, while multiple genes might code for a single enzyme. Therefore, most GEMs-based redesigning methods for metabolic engineering can only suggest reaction regulation strategies or gene set (here a gene set refers to a set of genes that code one enzyme) manipulation strategies. Strictly speaking, this type of strategy might be not practical in terms of gene manipulation. For example, a knockout strategy might contain one reaction associated with an essential gene. In addition, for a reaction strategy, which indicates up-regulation of one reaction and down-regulation of another reaction, contradiction may exist if the two reactions are related to a common gene. Both examples involve paradox regulation strategies, which have been efficiently addressed in LTM. Nevertheless, we propose an alternative, easily implementable method (illustrated in Fig. 1 ) to reframe GEMs.
As illustrated in Fig. 1 , for each gene in the model, a corresponding pseudo exchange reaction (referred to as the gene controlling reaction in this study) was introduced. In the exchange reaction, only one pseudo metabolite representing a gene was involved. In general, a reaction is associated with multiple gene products and their relationships are described using Boolean operators such as "AND" and "OR." The AND operation represents the involvement of multiple gene products in catalysing a reaction, whereas the OR operation signifies that one or both of the gene products are involved in the reaction. The following are gModel transformation principles: (1) For reactions associated with single genes (such as Rxn1 in Fig. 1 and R3 in Fig. 2 ), the pseudo metabolites representing the genes were added into them as substrates. (2) For reactions related to multiple genes (such as Rxn2 in Fig. 1 and R1 in Fig. 2 ), the number of different gene sets that could independently code for an enzyme involved in the reaction was first determined. Thereafter, the reactions were divided into several reactions according to the gene sets with Boolean operators, and the corresponding gene representing pseudo metabolites were added into the divided reactions. (3) Reversible reactions (such as Rxn4 in Fig. 1 and R2 in Fig. 2 ) were first divided into two irreversible ones (a forward and a reverse reaction) and then rewritten with pseudo metabolites added following the principles described above. (4) For each reaction that would have been divided, an additional pseudo metabolite representing the reaction would also have been added to the system if there were real constraints on the bounds of the reaction (such as Rxn3 and ExRxnR3 in Fig. 1 , R5 and Er5 in Fig. 2 ). This newly added metabolite would participate in every divided reaction. Thus, the exchange reaction of the new metabolite would have played the role of controlling the bounds of the special reaction fluxes. For example, a 10 upper bound for Rxn3 will result in a 10 upper bound for ExRxnR3, which will ensure that the total flux of Rxn3-1 and Rxn3-2 being smaller than 10. (5) To avoid the addition of unnecessary reactions, irreversible reactions that associated with one gene, which related only to that particular reaction were not rewritten (Rxn1 in Fig. 1 would be such a special case if geneA only presents in this reaction), and the reaction itself could serve as a special gene controlling reaction. After applying the above principles, a special reframed model with gene switches was obtained. The fluxes through gene controlling reactions determined the flux distribution of the whole reframed system, and the deletion of one gene controlling reaction equalled to the deletion of one gene. In the following sections, reframed models will be referred to as "gModels." The transformation principles are also illustrated with before and after toy models in Fig. 2 . The major transforming difference between gModel and LTM model is that gModel does not divide a reaction which is associated with a gene set that codes only an enzyme. For example, when a reaction is associated with a gene set (gene A, gene B, and gene C), the LTM model will divide this reaction into three reactions with three unique pseudo metabolites being used, while the gModel will not divide the reaction but introduce three gene representing metabolites instead.
Integration with Expression Data
The initial step in predicting fluxes using E-Fmin [28] is to map gene expression data onto reactions based on GPR (gene-protein-reaction associations). The weights of reactions are calculated with the following mathematical representation. The next step for E-Fmin is to minimize the sum of absolutely weighted flux through reactions. For reactions whose associated genes have no available expression data, their weights are assigned as 1.0. In this study, we adjusted the E-Fmin code and made it suitable for gModel.
weight rÂn ¼ 1 À minðg x and g y Þ Ä maxðg 1 ; g 2 ; . . . ; g n Þ weight rÂn ¼ 1 À maxðg x or g y Þ Ä maxðg 1 ; g 2 ; . . . ; g n Þ
Bi-Level Optimization Framework
OptKnock [10] , which was first proposed in 2003 and has been incorporated into Cobra toolbox, presents the earliest method employing bi-level optimization framework for identifying reaction knockout candidates for overproduction. However, as pointed out by Xu et al. [16] , there are some problems with the current low-efficiency OptKnock in the Cobra toolbox. In this study, we reframed the OptKnock, as detailed in the Fig. 3 .
In Fig. 3 , M and N denote the number of metabolites and reactions respectively. V denotes the reaction fluxes and S denotes the stoichiometry. C represents the vector of the objective of the optimization problem. K represents the number of knockout candidates. L represents the number of reaction with exact flux bounds. lb and ub denote lower bound and upper bound of a reaction respectively. P denotes the index of reaction whose flux is constrained to be smaller than zero; and Q denotes the index of reaction whose flux is constrained to be bigger than zero. W represents the dual variables of the dual problem. W max represents the upper bound of W, which was specified to be 100 according to the study of Kim et al. [29] . Y denotes a binary variable. maxKnockNumber denotes the allowable knockout number set by users. The upper box depicts the primal problem of optimizing biomass, while the lower box depicts the dual problem of optimizing biomass and the two boxes together depict the bi-level optimization problem. The goal of outer optimization is the maximum production of target metabolite, while the goal of inner optimization is the maximum growth of biomass that will be guaranteed by the constraint in the bi-level optimization problem. The constraint (2) is originally a non-linear constraint, but can be easily translated into a linear constraint as follows: ð1 À Y Þ Ã lb < V < ð1 À Y Þ Ã ub. To better understand the calculation framework, readers are strongly suggested to read the original paper of OptKnock and ReacKnock. The scale of the OptKnock problem is determined by the numbers of variables including reaction number, knockout candidate number and metabolite number Thus, it is recommended to first reduce the number of knockout candidates as much as possible. In the original OptKnock framework, reversible reactions will be divided into two irreversible reactions. However, this process was avoided in our framework according to mathematical dual transformation rules and thus introduced less variables. This newly formulated OptKnock is slightly more efficient and easier to use compared with the one in Cobra toolbox. For example, there is no longer need to pass bound constraints already included in the model as parameters into the OptKnock problem again. In addition, the OptKnock problem could also be efficiently solved with a truncated branch and bound algorithm like GDBB.
RESULTS
To validate the proposed transformation procedure, we made a direct comparison between the original model and the reframed iAF1260 model. Algorithms such as OptKnock were shown to be able to generate genetic designs directly based on the gModel. Furthermore, we showed that OptKnock could be employed to suggest a minimal genome based on gModel. Finally, we adapted the method E-Fmin for integrating expression data into the gModel to improve phenotype prediction.
Validation of gModel and Comparison with LTM Model
The reframing rules were successfully applied on the large-scale iAF1260 model. To facilitate a direct comparison, detailed information of the original model and reframed model was listed in Table 1 . The LTM was also applied to the same model and LTM model information was listed in the same table. According to the data we obtained, the gModel has a much smaller size than that of the LTM model, thus may resulting in reduced computational burden.
To validate the reliability of the reframed model, we compared the before and after flux distributions obtained by implementing standard FBA (Fig. 4) . As expected, the growth rates were consistent with each other. The flux distributions were slightly different between the gModel and the original model, while those of the LTM model were identical to those of the original model. The small discrepancy between the gModel and the original model does not necessarily mean that the gModel is incorrectly transformed. By constraining the reaction flux with the solution of gModel in the original model, we had validated that the solution of gModel is also a solution of the original model. Therefore, the small discrepancy should not indicate any loss of information. In fact, before reframing the model, the fluxes of some reactions (usually more than 500 mmol/ gDW/h) were not reasonable. As discussed by Verwoerd and Mao [30] , unreasonable flux is often caused by futile cycles, which may be overcome by minimizing total flux. As depicted in Fig. 4 , the flux distribution obtained from the gModel was more reasonable (detailed flux distributions are provided in S1 Table of Appendix A, which can be found on the Computer Society Digital Library at http:// doi.ieeecomputersociety.org/10.1109/TCBB.2016.2576456). Actually, our many simulation results showed that the gModel tends to avoid most futile cycles (data not shown). Moreover, we compared the results of performing single gene deletion analysis in the original model and single gene controlling reaction deletion analysis in the gModel. Both analyses indicated a same set of 187 genes were essential under the condition of minimal glucose medium (see Fig. 4 ). Furthermore, we made a double gene deletion analysis in model iAF1260, and the result of gModel is consistent with that of the original model (results displayed in Appendix A, available in the online supplemental material). Therefore, based on the flux analysis and gene deletion analysis, we conclude that the gene controlling reactions work well in the gModel.
Minimal Genome Prediction and Minimal Cell Factory Design
The OptKnock framework was first extended to generate gene knockout strategies based on the developed gModel. The E. coli core model was used as a testing model platform to reduce computational time. In this study, the overproduction of succinate was used as an example, and the maximal oxygen and glucose uptake rates were set to 18.5 mmol/gDW/h and 10 mmol/gDW/h respectively. To identify genetic strategies, the gModel was applied and only the gene controlling reactions were taken as knockout candidates. To identify reaction knockouts, the original model was used and all reactions that were associated with at least one gene were considered to be knockout candidates. The detailed results are listed in S2 Table of Appendix A, available in the online supplemental material, and partially illustrated in Fig. 5 . It is worth mentioning that the same Note: model denotes the original model, whereas gModel and LTM model denote the reframed models. knockout strategies were obtained based on the LTM model and the gModel (results not shown).
As illustrated in Fig. 5 , the best global reaction knockout strategy was found to be the one with eight knockouts, while the best gene knockout strategy consisted of 12 knockouts. The obtained optimal production rates generated by both strategies were quite similar, 14.016 mmol/gDW/h for reaction knockouts and 13.959 mmol/gDW/h for gene knockouts; even though, reaction knockout strategies generally lead to higher production rates in comparison to gene knockout strategies. However, note that only the octuplet reaction knockout strategy was deemed feasible. Based on the data shown in S2 Table, we concluded that the complex gene-reaction relationships account for the impractical solution of reaction knockouts. It should be noted that other algorithms like ReacKnock, OptForce, and FSEOF could also utilize gModel to directly generate reasonable genetic design strategies. FSEOF, in particular, is usually employed to identify large sets of reaction amplification targets; however, it is quite inconvenient for users to extract gene amplification targets when considering complex gene-reaction relationship. Fortunately, gModel could be helpful in solving this problem by directly suggesting gene regulation targets.
Determination of the minimal set of protein-coding genes necessary to maintain a living cell has been an appealing issue for years [31] . Such a minimal gene set should include "the smallest possible group of genes that would be sufficient to sustain a functioning cellular life under the most favourable conditions imaginable, that is, in the presence of a full complement of essential nutrients and in the absence of environmental stress" [32] . The increasing knowledge of comparative genomics should facilitate the reconstruction of the minimal gene set, also referred to as minimal genome [33] . However, few computational methods based on genome-scale metabolic model were reported to find minimal genome. In this study, we proposed a straightforward framework to predict the minimal genome with gModel. The minimal genome problem can be rephrased as "Which genes could be removed simultaneously while maintaining a minimal growth rate? If this problem had multiple solutions, then which solution would result in the best growth rate?" Thus, this is a bi-level optimization problem: the outer optimization goal is gene knockout number, and the inner optimization target is growth rate. As such, based on the gModel, this problem can be solved directly using OptKnock with the gene controlling reaction knockout number as the outer optimization goal. Consequently, we modified the OptKnock procedure slightly to allow the optimization of knockout number, so that the OptKnock procedure provided here is capable of finding a minimal genome. In fact, it took less than 16 hours to find a minimal genome for the large-scale GEM iAF1260. It should be noted that OptKnock provides only one solution of minimal genome while multiple solutions may exist. Therefore, ReacKnock may serve as a good substitute for OptKnock as it could give a set of equivalent optimal solutions.
To obey the definition of a minimal gene set, we set the minimal growth rate to 0.005 mmol/gDW/h and simulated the cell growth in rich medium with all exchange reactions opened with lower bounds of 100 mmol/gDW/h. As a result, a minimal genome with only 145 genes was obtained.
According to the PEC database (http://www.shigen.nig.ac. jp/ecoli/pec/), 62 of the 145 genes are essential (essential genes are listed in S3 Table of Appendix A, available in the online supplemental material). The rest of the genes are mostly involved in cofactor and prosthetic group synthesis, cell membrane synthesis, inorganic ion transport and nucleotide synthesis (Fig. 6 ). According to minimal genome research, all of these pathways are important for cell survival [34] . Hence, the predicted minimal genome could provide useful physiological and metabolic information for systems biologists.
It is believed that a minimal cell could have beneficial properties for industrial applications. E. coli strains without redundant metabolic pathways produced much higher quantities of ethanol from hexose and pentose sugars [35] , [36] . E. coli lacking 22 percent of the genomic DNA produced 2.4-fold more threonine than the wild-type strain did [37] . To the best of our knowledge, currently few methods were reported to predict a minimal cell factory based on GEM. Here, we used gModel to predict the minimal genome of a minimal cell factory having the previously specified minimum growth rate (0.05 h -1 ) and production rate (13.378 mmol/gDW/h, 80 percent of theoretical maximum production), under aerobic conditions with a glucose uptake rate of 10 mmol/gDW/h. As a result, we obtained a mini-cell factory with only 282 genes, which could maintain a growth rate of 0.259 h -1 and a minimal succinate production rate of 7.297 mmol/gDW/h. The minimal genome is provided in S4 Table of Appendix A, available in the online supplemental material. This functional mini-cell factory could be further improved by tuning parameters such as carbon source and oxygen uptake rates, thus enabling the design of excellent engineering strategies for strain improvement.
Integration of Expression Data
"Expression data-guided flux minimization" (E-Fmin) is a newly reported method that uses transcriptional data taken from a single experimental condition and has been proved more effective on predicting context-specific flux distributions than many existing methods [28] . This algorithm minimizes a weighted sum of flux magnitudes, where the weights are calculated based on expression data (described in the methods section). E-Fmin maps gene expression data onto reactions based on GPR in a similar way to many other methods, which arbitrarily impose the same constraints on reactions catalysed by a common active enzyme. In addition, for a gene involved in multiple reactions, its expression data may be reused several times by using the above data mapping method. However, the traditional way of mapping expression data onto reactions is flawed. For example, in case that a multi-functional enzyme encoded by a gene with two units of expression (assuming that one unit of gene expression is corresponding to one unit of flux), the total flux of the reactions catalyzed by the enzyme should be limited to two units according to the assumption. However, according to the traditional way, four units of flux are actually allowed for same constraints are imposed on reactions catalysed by the muti-functional gene. Fortunately, in case of gModel, in silico cells may mirror the expression data by imposing constraints on gene controlling reactions rather than exact functional reactions. It therefore could be more appropriate to directly minimize the weighted flux of gene controlling reactions rather than minimizing the weighted flux of functional reactions.
Based on six sets of whole genome expression data and the corresponding six sets of 13 C flux data reported by Ishii et al. [38] , we performed E-Fmin by minimizing the flux of gene controlling reactions as well as minimizing enzyme-catalysed reactions. Fluxes predicted by E-Fmin were then compared with experimental flux data, and the correlation coefficients and p-values for testing the hypothesis of no correlation were calculated with the function 'corrcoef' incorporated in Matlab. The model iAF1260 with 80 percent optimal growth rate maintained was used. Significant improvement on predictions was observed in the results generated for three among the six conditions tested, while the predictions for the other three conditions remained almost unchanged (Fig. 7) . Moreover, the small p-values (< 0.001) support a reliable correlation between prediction data and experimental data. Similarly, expression data of 85 genes and 13 C flux data of the central metabolism under 28 conditions were used as input data and validation data respectively [38] . The test results were recorded in S5 Table of of Appendix A, available in the online supplemental material, where it can be seen that correlation coefficients calculated based on gModel commonly have higher values through all conditions. Similar trends were also observed when 70 or 90 percent of the optimal growth rate was maintained (Appendix B, available in the online supplemental material including codes and raw data was provided in the supplementary material, available in the online supplemental material for testing purposes). Thus, we concluded that gModel tends to improve the prediction of fluxes in case of integration with expression data by directly mapping single gene expression data onto single gene controlling reaction.
DISCUSSION
A special framework was proposed in this study to reframe genome-scale metabolic model and facilitate genetic research as well as omics data integration. In addition, OptKnock was rejuvenated and rendered able to predict exact genetic strategies for metabolic engineering with gModel. The format of gModel is consistent with any other GEMs, thus it should also be compatible with existing algorithms such as ReacKnock and OptForce. It could achieve the same efficiency of LTM model in the application of genetic knockout design. In addition, compared with LTM, gModel provides a more straightforward and elegant way in other applications such as integration with expression data and over-expression target identification. In this study, more interestingly, we shown that gModel could be used as a novel tool for designing minimal genomes and minimal cell factories for the production of target chemicals. Though the current genome-scale models are not yet perfect and could generate unreliable predictions, we believe that the gModel constitutes a very good starting point that will assist systems biologists to advance a step forward towards their goal of building a minimal cell factory.
While gModel may release researchers from complex gene-reaction relationships, the relatively increased scale of model structure leads to increased computational burden; it is encouraging, though, that efficient algorithms are being developed quickly. GDBB and Reacknock are the two most efficient methods that suggest near-optimal solutions within a few minutes. In this study, the OptKnock framework was modified to adapt to the truncated branch and bound algorithm employed in GDBB. In this way, the modified OptKnock achieved the same efficiency as that of OptGeneKnock designed for LTM model. For example, a near-optimal solution for succinate production under fully aerobic condition was obtained within one hour. The results of this example suggested that the knockout of 14 genes (aceE, dut, gapA, gcd, poxB, sdhC, serB, udp, focA, pyrH, pgl, nudI, yliI, and focB) could result in a minimal yield of 11.609 mmol/gDW/h with a maintained growth rate of 0.050 h -1 . A direct and efficient way to constrain a GEM is the incorporation of fluxomic data; however, this data is not readily available. In contrast, loads of expression data are available nowadays. In this study, we proved that the performance of the newly reported E-Fmin method integrating expression data could be improved within the gModel framework. There is an assumption underlying the construction of gModel: for each reaction, one unit flux of a functional reaction requires one unit flux of gene controlling reaction, implying that the stoichiometric coefficient of each gene-representing metabolite is one. This assumption may be vulnerable if the elaborate connection between gene expression and enzyme function is considered. However, considering that only soft-constraints were imposed on reaction fluxes, the above assumption might be acceptable. In conclusion, gModel promises important contributions to the usefulness of genome-scale models.
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